Abstract. The market for second-hand and refurbished goods continues to record strong growth in most economies
Introduction
In spite of growing global trade restrictions on certain kinds of used goods, the market does not seem to be nearing extinction any time soon (Czaga & Fliess, 2004) . On the contrary, the market for used vehicles and some electronic appliances, in particular, continues to record high annual growths in many countries (Czaga & Fliess, 2004; Heese et al., 2005; Clerides, 2008; Singh, 2015) around the world. Though international trade of used goods were typically the target destinations of poor under-developed and developing countries, the emergence of several e-commerce platforms (eBay, Amazon, Taobao, OLX, Alibaba etc.) has changed the destination dynamics of used goods Lewis, 2011; Singh, 2015) . For instance, Heese et al., (2005) and explain a booming intra U.S trade for used vehicles whiles Williams & Paddock (2003) in a survey explained that 40% of U.K. consumers had bought various kinds of used goods during the past 12 months of the survey. This affirms the notion that though poor nations are often recipients of used items, there is a growing interest in the trade in the developed world as well for all sorts of reasons. Shevlin (2008) and Austin (2015) further explain that the interest shown in used goods, could partly also be attributed to the emergence of refurbished goods -another form of 'used' goods. Refurbished goods, unlike completely used goods, are products that were once recalled either by the manufacturer or the vendor for various reasons (Shevlin, 2008) . These recalled goods are subsequently tested, repaired, remanufactured or reconditioned for further sale (Oraiopoulos, Ferguson, & Toktay, 2012) . Though reasons for a refurbished good are often not disclosed, buyers are tempted to purchase because of its relatively low price, good physical condition and the fact that it has been reconditioned by a certified manufacturer (Kogan, 2011) .
In spite of the several factors put forward as reasons for consumer choice, none so far attempts to measure the consumers' relative importance assigned to the various factors as they shop online. Further, there has also not been any attempt at modelling consumer preferences and utilities they consider most when shopping for used products online. Though the work by Guiot & Roux (2010) identified relevant factors driving the consumers' choice of used goods, no relative importance was assigned to the factors consumers prefer most or least. Moreover, their research was neither specific to online shopping of used goods or to the more definite topic of used electronic appliances considered in this paper. We further argue that given the varied and complex reasons identified as motivating factors influencing the consumers' choice to shop, consumers indirectly make several trade-offs in such choices. In view of this, this paper uses a preference modelling approach (conjoint analysis) to ascertain the utilities/utility consumers assign to the more relevant factors influencing their online shopping of used electronic goods. This is carried out in an environment of trade-off modelling where aggregate utilities assigned by consumers represent their relative weights of importance attached to the relevant factors influencing their choices to shop for used electronic goods. This paper begins on a basic premise of the assumption that the most obvious motivating factor for second-hand goods is first and foremost about cost saving (price). In this regard, the paper investigates the other compelling factors beyond cost saving for consumers of second-hand electronic goods. Using a case study of Czech Republic as an emerging economy where used electronic goods outlet are rampant and visible via online coupled with the respondents' penchant to purchase used electronic goods, the age-long empirical and theoretical gap is filled as far as eliciting the magnitude of factors that consumers' place much premium in the case of used electronic goods are concerned.
The rest of the paper is organized under the following sections. Literature Review, the methodology, data collection, and sampling methods are explained. The results and conclusions of the study are finally presented.
Literature review
State of the art in online purchases of used goods in the Czech Republic The online transactions of goods and services coupled with the used goods market (Pilik et al., 2017) gained traction in the early days of internet penetration in the Czech Republic . However, online customers were adamant to hook up on the internet in search of used goods rather than walking into the local outlet to catch a feel of the good in question. As with other notable or so-called big online websites that deal with the sale of both used and brand new items like the Amazon, eBay's among others. The irony here is that Czechs saw it as a very daunting task to shop online and to buy a solid and exact used good. But as the internet kept springing, it has become necessary for vendors of the used goods market to broaden their horizon with the zeal to publicize their goods online. Evident to this assertion is accrued from the inventory in Table 1 . A recent report garnered by Equa Bank (2017) revealed that almost 9 out of 10 Czechs in one way or the other sell second-hand goods online. The report went on to explain that the ordinary Czech buy clothes and other households with more than 500czk on a single purchase in these second-hand outlets. The most vital rationale behind ordinary Czech's view behind selling his/her second item is stemmed from their traditional notion of not voluntarily throwing things out. Extracts from the survey carried out by Equa Bank (2017) showed that used goods online are becoming rampant in the Czech Republic because of the affordable price tag on such a good in questionespecially in the case of mobile phones, electrical appliances, and so forth. Almost 93 percent (93%) of Czechs sell their own second-hand items through online platforms and one-fifth of Czechs are of the view to get rid of unsuitable gifts and, hence, decide to relay it to second-hand online platforms for sale (Equa bank, 2017) . Apart from the affordable price tag influencing the patronage of second-hand goods online platforms, it was revealed in the survey that second-hand purchases for children were the bestespecially clothes and sports equipment. -with the indication that when getting such goods, it does not pay to get new ones. Nearly, 43 percent (43%) of the respondents asserted to this view. Contrary to this perspective by the respondents, is the one that proposes that people will not want to give out money to items that have shorter spun. In this respect, the Czechs are very far-sighted and fear-provoking country, as seconded by the executive director of Equa Bank, Jakub Pavel.
As seen from the Table 1 of inventory taken on used goods traded online on the Czech market, there is an indication of more possible outlets to emerge as time goes on. From the research of Equa Bank (2017), the most famous selling and shopping online platform are Aukro.cz with exactly 33 percent (33%) of their respondents connecting to that portal for purchase. Similarly, one-third of their respondents buy second-hand goods on other notable online platforms. Some respondents also reiterated their claims by connecting via social media sites (Facebook, LinkedIn, etc.) for their demand for such used goods. According to a report presented by Equa Bank, different millennial age groups shops over the internet for second-hand goods such as books, while ages above 54 are more inclined to their usual brick and mortar style of shopping purposely for goods like antiques and so forth.
On the bases of clarity and significance of the present study, Table 1 presents an inventory of used/ second-hand goods electronic outlets traded online in the Czech Republic, giving an insight into the different regions in the Czech Republic with their kind of used electronic goods traded online, along with their respective websites. It must be emphasized that not all used electronic goods traded online were captured here for deliberations, as was the case for upcoming ones and others that do not provide adequate descriptions on the used goods for customers to make specific inquiries. 
Methodology and data used
The Conjoint Analysis as a basic method The conjoint analysis (CA) method is one of a range of tools in mathematical psychology used to model consumer preferences. The method is particularly useful when respondents are presented with a limited number of attributes and characteristics describing a set of stimuli (products or services). The CA approach helps to indirectly unravel hidden utilities assigned to products and services, particularly in an environment of trade-offs (Green et al., 2001) . Over the last three decades, this concept has found an extensive usage in many academic disciplines, specifically, in marketing research. Although the overall machination of CA is attributed to Green & Rao (1971) and later by Green & Srinivasan (1978) . There are numerous works that have ushered the CA into the mainstream research seen today (Bernoulli, 1954; Simon, 1957; Churchman & Churchman, 1961; Luce & Tukey, 1964; Hoffman, 1967; and Fishburn, 1968) . The method has been tailored to suit a range of different data types under different circumstances. Such generalizations of the CA method have resulted in other variants aside from the traditional conjoint analysis (TCA). These are choice-based conjoint analysis (CBCA), adaptive conjoint analysis (ACA), and self-explicated conjoint analysis (Rao, 2014) . The robustness, accuracy and reliability of CA have been vouched in many test studies (Scott & Wright, 1976; McCullough & Best, 1979; Malhotra, 1982; Bryan et al, 2000; Bryan & Parry, 2002; Afful-Dadzie & Afful-Dadzie, 2017 ) -giving a stamp of approval to the widespread use of the conjoint analysis method.
Traditionally, the CA method works by decomposing preference data of respondents and computing part-worth utility values for each level under each attribute. Concurrently, the trade-offs made in the decision-making process can also be examined between the different attribute levels. The result of the modelling assigns large part-worth utilities to attribute levels that are most preferred whiles least preferred levels receive small part-worth utilities (Kuhfeld, 2005) . The coefficient or part-worth utilities are then summed up to elicit the relative importance decision makers (the respondents) place to the attributes and their levels. In practice, the traditional conjoint analysis (TCA) method as used in this paper, measures CA as a simple-effects analysis of variance (ANOVA) but with a specific set of outputs. This is arithmetically expressed in Eq. (1) indicating an individual respondent's stated preference geared towards a set of attributes measured at various levels is shown.
Where denotes an individual respondent's utility regarding an attribute ( ) and signifying the general mean. The expression is the coefficient utility for a particular level expressed by an individual respondent and is the error term. The mathematical implication of the CA method reflecting the combined effect of a selected set of independent variables determined on a dependent variable, the factors (attributes) ( ) denote the independent variables, the choice (judgments) is the dependent variable ( ) whiles the Represent the part-worth utilities. This in effect signifies the parameter estimates from the ANOVA model (Rao, 2014) . Going forward, the total utility of a factor (attribute) determining the value apportioned by the overall respondents' is ascertained by summing up the coefficients or the part-worth utilities of the entire decision makers. With this, Eq. (2) Expresses an additional form of a single respondent's utility U in relation of such attribute, denoted as ( ).
Where denotes the part-worth utility estimate on the j-th level of the i-th factor (i=1, 2…n and j=1, 2…m), and Indicates the presence of the j-th level of the i-th attribute.
The magnitude of relative importance attributable then becomes the function of the total utility apportioned by the entire respondents. Therefore, the attribute importance is basically the weight of each attribute as measured by the respondents. This is stated in Eq. (3), showing as the relative importance of attribute ( ) ; Max( ) denotes the maximum utility apportioned to the factor (attribute) -the most preferred attribute level). On the contrary, Min( ) represents the minimum utility, which means the least preferred level (Green and Srinivasan, 1978; Kuhfeld, 2005 , Orme, 2010 .
Sampling and data collection The respondents in this study were randomly selected and, therefore, a simple random technique (probability sampling) method was utilized. The questionnaire was designed in two forms with both English and Czech format. As with the scope of the study, the emphasis was basically placed on the Czech format. Hence, the English version was given out to our Czech colleague to transcribe the entire questionnaire to a very lucid and understandable Czech language for dissemination to respondents. However, after pre-testing the questionnaire, using responses from master students in the Advanced Management and Marketing class, some errors were detected regarding the composition of the translation, questionnaire clarity, thus it was not easily understood (because of some Czech jargon and vocabulary used), since the technique adopted for this study needs to be visibly seen and answered without any form of questioning. In view of the initial setback, the Czech translation was sent to an expert translation here in Zlin known as Zelenka Translation Company for efficient translation. As a consequence, the full-fledged translation was prepared from an expert translation company. To ensure unnecessary ambiguity of the questionnaire after the expert translation, we pre-tested with a set of Czech students in Management II class with 15 students who originally are Czechs by birth and whose mother tongue and native language is the Czech language. It was, however, undeclared to them that they are answering pre-test questionnaires. This time, the error rate was about 5.6 percent (5.6%). Even with this meager error rate detected from the pre-test, it was attributed to the scenario combinations (profile set) that was set to be ranked by respondents. This same error rate of (5.6%) was also attributed to the fact that some of the students selected for pre-test had to leave for other seminar class leading to uncompleted responses. Data collection took exactly 4 months (Between November-February 2018). Some selected Students at the Tomas Bata University helped in disseminating the questionnaire to other regions in the Czech Republic. It must be noted that some students were originally living in the cities, so it did not pose a problem for them to assist in the research. The respondents were selected randomly in the Czech Republic in Table 2 . Out of the 531 respondents who received the online questionnaire (designed in Czech), 429 (80.63%) gave complete responses and submitted it. In particular, the profile set to be ranked by the respondents were explained to all respondents and tested in the pre-test as earlier indicated. As shown in Table 1 , the respondents came from a diverse geosocio demographic background, with a total of 14 regions in the Czech Republic represented in the study. The majority of the respondents representing 99.77 percent (99.76%) indicated that they purchase used electronic goods for their personal use and therefore with no intention to sell. In the following section, the steps followed in carrying out the conjoint analysis are explained. Given the proximity and available used goods outlet, the Plzeňský region was the most represented in the study (18.40%). It can also be seen that the majority of the respondents were within the age bracket of 18-25 with a percentage share of 83.0 percent (83.0 %.).
The Conjoint Analysis used in the study

Stimuli Construction
The CA approach is sequenced in this manner (Rao, 2014) . These are (1) Selection of attributes and respective levels; (2) Generating the profile set to be ranked or rated (3) questionnaire design and (4) the preference modelling. These steps are explained below.
Selection of attributes and levels
The study settled on five attributes based on literature support and expert knowledge as shown in Table 3 . These 5 attributes are Cost Saving (Economic), Brand, Number of years in product use, Risk of product (continued) defect and Product's country of origin. The meaning behind each attribute is briefly explained in Table 3 . Subsequently, after determining the attributes, appropriate levels were identified for each attribute as measurable properties relevant for this study.
The 'cost saving' attribute was assigned the levels: Low, Medium and High. The attribute 'Brand', was assigned to levels: Important, Not important and Indifferent. The rest of the attributes were also assigned the following levels. 'Number of years in use': under a year, 1-3 years and more than 4 years; 'Risk of product (continued) defect': Low, Medium and High; and 'Product's country of origin': Not important and Indifferent. These levels attempt to capture the joint effect of a respondent's preference in light of the limited options placed before the respondent to select from. For instance, the levels of Brand explain whether respondents view 'Brand' as "Important", "Not important" or Indifferent" when deciding to purchase used electronic goods online. The levels under each attribute help, especially when respondents are making trade-offs in their selection of profiles placed before them.
Generating the profiles of the attributes
The traditional conjoint analysis (TCA) approach was used in this study. The TCA approach is multiple regression problem where preference rankings or ratings on a set of stimuli (products) are regarded as observations on the dependent variable. The features of attribute and their respective levels become the observations of the independent variables as earlier stipulated (Orme, 2010) . Making use of the experimental design to ascertain the required number of profiles, the fractional factorial design was adhered to instead of a full profile design. The rationale behind this is that, with the full design approach; respondents tend to be burdened creating inconvenience that sometimes result in an unreliable upshot. A typical scenario in this study is that whiles the 5 factors (attributes) at three levels each, amounts to (3 x 3 x 3 x 3 x 3) = 243 required sets of profiles. It is somewhat worrisome and impossible to get accurate and dependable responses from respondents when opting for a full design of 243 profiles which will in effect yield accurate results. Hence, to lower the burden on respondents, a smaller but optimized set of profiles is embarked upon in an experimental design (Rao, 2014) . Therefore, we opted for a total of 15 profiles in the fractional factorial design in this study. In addition, the study also adopted 'ranking' as the preference scale and Monotone Analysis of Variance (MONANOVA) estimation method to generate the partworth utilities. The MONANOVA was ideally chosen because it generates relatively better scores than other part-worth estimation methods (Orme, 2010) . In respect of the attributes used in this study, the basic conjoint analysis model is as defined in Eq. (4) below:
where the aggregated , the part-worth utilities, become the weights of the attributes. The study made use of XLSTAT software (Addinsoft, 2014) in producing and evaluating the results.
Results and discussion
An attribute's importance as judged by respondents was computed as the difference between the maximum and the least part-worth utilities for different attributes as expressed in Eq. (3). The part-worth utilities describe an individual respondent's 'value system' or importance assigned to each level in each attribute. These utilities are first computed for each respondent using Eq. (2) and further aggregated and averaged (mean) for all respondents using Eq. (3). Column 7 and 8 in Table 3 show a sample preference ranking order of the 1st and the 429th respondents regarding their utilities assigned to each of the 15 Attributes (Criteria) and Levels with their part-worth utilities relative and importance (Table 4 ) characteristic profiles they prefer in an ideal used electronic goods online purchase. All the 429 ranked responses regarding the 15 profiles are aggregated to represent the relative importance of each attribute as shown in column 4 of Table 4 . The most preferred levels in criteria are those that receive large part-worth utilities (* bolded in column 3 of Table 4 ) whiles the least preferred levels acquire small part-worth utilities.
Source: Authors' results.
The part-worth and relative importance of the attributes depict respondents' preferred characteristics they wish to see in an online transaction of used electronic goods. As shown in Table 4 , the respondents adjudged Cost Saving (A1) as the most important factor when buying.
This result affirms what has mostly been written in the literature about the most influential factor for the adoption of used goods. The thrust of this study, however, was to look beyond cost saving (A1) and discover other factors that contribute to consumers' choice for use in electronic goods. In view of this, it can be seen in Table 4 that the next most important factor considered by respondents after cost saving, is the Number of years in product use (A3) representing 20.96% of the total weights. In this order of attribute importance, Product's country of origin (A5), Brand (A2) and Risk of product (continued) defect (A4) follow in that order of importance as adjudged by consumers of used electronic goods. Further, the results in Table 4 can be demystified to reveal respondents' most preferred characteristic profile of used electronic goods transactions. It can be inferred that respondents' ideal transactional profile regarding second-hand electronic goods, should be one with the following characteristics: a 'low' cost (A11), Brand as an 'important' (A21) feature, the number of years that the product has been used should be 'under a year' (A31), the risk of the product's (continued) defect should be 'medium' and consumers' would be 'indifferent' to a Product's country of origin. This profile setting is achieved after consumers have traded-off several characteristics in a limited attribute-level selection to arrive at this profile. The result of the study is confirmed and authenticated by the R-squared value of 0.989 which points to a high internal consistency in respondents' preferences. With this, it can be concluded that the reliability of the study is intact.
Conclusion
The continuous growth of the second-hand goods market, especially of electronic gadgets, is largely attributed to the rise in e-commerce sites around the world. Because of the influence of e-commerce sites, second-hand goods that ordinarily used to be traded in open bazaars are now repackaged and sold online around the world. In most countries, local e-commerce sites now offer their platform of services to both used and new products. In all these developments, though tacit knowledge and the literature, both affirm cost saving (price) as the most important factor in most consumer's choice of used goods, there have been very few studies that look beyond price. In particular, there has not been any study that investigates such factors of influence in the light of the growing market of used and refurbished electronic goods as transacted online. This study fills the gap by (1) using an emerging economy (Czech Republic) where used goods outlets are rampant coupled with the propensity for used electronic gadgets; (2) modelling their preferences in a trade-off setting; and (3) reporting on respondents in the Czech Republic considers most important beyond price in their experiences of shopping online for used electronic goods.
In the carefully selected factors (attributes) used in this study, respondents chose 'Number of years in product use' as the next most important factor of consideration when shopping online for used electronic goods. This means that a product's model year and how long the product has been in use is regarded highly ahead of factors such as the country of origin of the product, brand and the risk of purchasing a defective product. The importance of the 'number of years of a product's usage' after 'cost saving (price)' could be explained by how fast electronic product models especially phones, fickle over a period. It can be inferred that most consumers of used electronic goods do not want gadgets that have been excessively used over the period.
Limitations
The study has some limitations. In particular, though consumers have weighted the factors that most influence their choices in online purchases of used electronic goods, some of the factors are attributes that the consumer has no control. For instance, Number of years in product use (A3) and risk of product (continued) defect (A4) are attributes that the consumer of used electronic goods would have very little control over when making preferences in product choice. This is because, for some electronic products, it can be difficult in determining how long the product has been in use. Additionally, and in relation to refurbished goods, a consumer would have no control over knowing whether the re-assembled or repaired product would be faulty again. This is where the trade-off modelling made possible by the conjoint analysis method, validates the study, especially in the choice of the attributes. Future work would explore how such factors that the consumer has no control over affect their intention to purchase the used item. Again, the study shed a limitation of not specifying the business model of the second-hand vendors, thus either in the business-to-consumer, businessto-business, consumer-to-business, or consumer-to-consumer type of model. This limitation is partially hinged on the fact that the main analogy of the study was to look beyond price as a motivating factor, as earlier stipulated. However, future research should specify which type of business model in terms of the second-hand model of business.
